###### Strengths and limitations of this study

We evaluated the effect of a large telehealth service on emergency hospital admissions, within an observational study of routine clinical practice, using hospital administrative data.The effectiveness of telehealth might be different, in routine practice, to clinical trials, as healthcare professionals can tailor the telehealth services to the local context over time and might also recruit patients with different characteristics than those in trials.We compared telehealth patients with local patients who were eligible for telehealth but were receiving usual care. These were matched to the characteristics of telehealth patients (demographics, diagnoses of health conditions, previous hospital use and predictive risk score) using a machine-learning algorithm.We conducted sensitivity analyses to assess whether confounding could plausibly have altered our findings.The retrospective nature of the study avoided the risk of a Hawthorne effect, but we had to exclude approximately 22% of telehealth patients whose diagnosis we could not confirm within the hospital administrative data.

Introduction {#s1}
============

Telehealth has been proposed as a way to improve the management of long-term health conditions such as diabetes, chronic obstructive pulmonary disease and heart failure.[@R1] It involves the regular and remote transmission of medical information (such as blood oxygen or weight) between patients and healthcare professionals. The hope is that, by encouraging patients to monitor aspects of their own health and by providing timely feedback from professionals, telehealth might lead to better patient outcomes. In turn, policymakers hope that telehealth will avoid unnecessary unplanned ('emergency') hospital admissions, which are costly as well as undesirable to patients.[@R2]

Early meta-analyses about the effect of telehealth were positive,[@R3] but recent, large randomised controlled trials have tended to be ambiguous or negative about the effects of telehealth on hospital utilisation. The largest trial, the Whole Systems Demonstrator, compared telehealth with usual care in over 3000 patients with diabetes, chronic obstructive pulmonary disease or heart failure. This showed lower rates of emergency hospital admissions and deaths among telehealth patients than controls, but these findings may have been linked to unexpected patterns among controls.[@R4] Other large trials found no effects on time to hospital admission following an exacerbation in chronic obstructive pulmonary disease,[@R5] and no change in readmissions for heart failure.[@R6] Randomisation is used to produce comparable treatment groups, but randomised controlled trials can have limited applicability to medical decision-making, as either the treatments or patient groups might differ to routine practice.[@R7] This has now been confirmed in a formal analysis of the generalisability of the Whole Systems Demonstrator trial.[@R8]

In this study, we assess the effect of telehealth on hospital utilisation and mortality when delivered in routine practice. Although our study was not randomised, we used machine-learning methods to select, from a wider pool of potential controls, a matched subset of patients that was similar to the telehealth group with respect to observed baseline characteristics.[@R9] These methods have been proposed for evaluative studies of telehealth,[@R10] but the few existing matching studies in this area[@R11] have not subjected their findings to rigorous sensitivity testing to explore whether the reported treatment effects might be attributable to unobserved differences in the baseline characteristics of intervention and control groups.[@R14]

Methods {#s2}
=======

The North Yorkshire and York Primary Care Trust commissioned a telehealth programme for patients with chronic obstructive pulmonary disease, heart failure or diabetes, in July 2010, making it an early adopter of telehealth in England.[@R2] We conducted a retrospective study that linked telehealth patients to hospital administrative data, and selected a matched control group of patients from within North Yorkshire. Local controls were preferred as this minimises bias in studies of hospital admissions compared with strategies that select controls from similar geographical areas.[@R15] Controls were matched for important prognostic variables including predictive risk score, demographic characteristics, diagnoses of health conditions and prior hospital utilisation. The study was conducted in line with the original evaluation protocol (see online [supplementary material](http://bmjopen.bmj.com/lookup/suppl/doi:10.1136/bmjopen-2015-009221/-/DC1)) except that general practice data were not available, thus limiting the number of secondary endpoints that could be assessed.

Telehealth intervention {#s2a}
-----------------------

The patient\'s clinician determined if telehealth was appropriate for the patient based on a number of considerations ([box 1](#bx1){ref-type="boxed-text"}). The telehealth equipment consisted of the home-based Tunstall *mymedic* monitoring 'hub'*,* and a set of peripheral devices that measured aspects of a patient\'s health. Which peripheral devices were used depended on the patient\'s diagnosis but could include: weighing scales; pulse oximeters; blood pressure monitors; thermometers; blood glucose metres; peak-flow monitors or spirometres; coagulation metres; and 1-lead ECG. Standard configurations for patients with chronic obstructive pulmonary disease are shown as an example in the online supplementary table S1. In addition, an automated health questionnaire was delivered through *mymedic*. This asked patients about their general health status. Box 1Referral criteria for telehealthEligible patients could be referred into the telehealth programme from community teams, general practice, or on discharge from a secondary care facility, such as a cardiology department. The referral criteria were broad and overlapping, and also changed over time. The service recruited patients: Diagnosed with one of the targeted chronic conditions (chronic obstructive pulmonary disease, heart failure and diabetes)With one of the targeted chronic conditions and two or more emergency (unplanned) hospital admissions in the previous 12 monthsDeemed to be at risk of having an emergency admission in future, for example, through identification by the Adjusted Clinical Groups predictive risk model[@R44]With high anxiety levels who usually defer to unplanned or emergency services and who could benefit from this level of supportWho accessed general practice services, the out of hours services or the emergency services frequentlyPatients who the referring clinician deemed would benefit from telehealthIn addition, patients had to be considered capable of using the equipment (this included understanding instructions and the patient informed consent form). Patients were not eligible for telehealth if their home was not suitable for it, for example, if there was no regular telephone line or no access to a mobile (cellular) telephone for transmission of the telemonitored data and for communication with the monitoring centre.

Referring clinicians gave patients personal schedules for telemonitoring, which were coded into *mymedic*. Tuition was provided to patients in the use of the equipment when it was installed. Typically, patients were required to use the telehealth peripherals once a day, although some patients took readings more often. The recordings were transmitted automatically to a triage centre, operated by Tunstall. If a recording exceeded a threshold set by the referring clinician, then an agent at the triage centre contacted the patient to ask them to repeat the measurement. The agent also asked further questions regarding the patient\'s health. If the reading continued to exceed the threshold or if the intervention of a healthcare professional was required, then the situation was escalated to the monitoring clinician.

Study populations {#s2b}
-----------------

We studied patients enrolled in the North Yorkshire telehealth programme between the time it started (July 2010) and the time it was decommissioned following a reorganisation of the National Health Service (NHS) in England (31 March 2013). We restricted our attention to patients with a diagnosis of chronic obstructive pulmonary disease, congestive heart failure or diabetes recorded in inpatient administrative data within the three previous years. This was done so that we could standardise our criteria across our intervention and control groups. The matching algorithm described below aimed to adjust for other characteristics that might be associated with receipt of telehealth beyond these criteria.

We excluded a small number of intervention patients who did not transfer telehealth readings. We also excluded (from both intervention and control groups) participants in the initial pilot programme that ran from September 2009 to May 2010 and those in another telehealth service for residents of care homes.

Study endpoints and sample size calculation {#s2c}
-------------------------------------------

The main hypothesis was that telehealth affected (in either direction) the time to the first emergency hospital admission or death following enrolment in telehealth. The study reflected events up until the service was decommissioned on 31 March 2013.

At the outset of this study, we conducted a sample size calculation to check whether we were likely to have data on a sufficiently large number of telehealth patients to draw robust conclusions. In line with other studies in this area,[@R16] we wanted to be able to detect a 15--20% relative change in the time to first emergency admission or death (as measured by the hazard ratio (HR)), at power 90% and two-sided p value \<0.05. Sample size calculations assumed: individuals were recruited into the telehealth service at a uniform rate; 25% of matched control patients experienced an emergency admission or death each year; and 95% of telehealth patients were linked to administrative data for this study. The calculation determined that 715 telehealth patients were needed to detect a relative change of 20% in the primary endpoint.

Secondary endpoints were time to death; and time to the first emergency admission, elective admission, outpatient attendance, emergency department (ie, accident and emergency) visit, and admission for an ambulatory care-sensitive condition. Ambulatory care-sensitive conditions are those conditions for which admissions are considered preventable by primary care services.[@R17] [@R18] We could not assess impacts on general practice contacts, as these data were not available.

Data sources and linkage {#s2d}
------------------------

Tunstall transferred identifiable data for telehealth participants (including the national unique patient identifier or 'NHS number', sex, date of birth and postcode) to the NHS Health and Social Care Information Centre (HSCIC). HSCIC acted as a trusted third party and linked telehealth participants to national administrative data on secondary care activity (the Hospital Episode Statistics, or HES).[@R19] The data linkage method required an exact or partial match on several of the identifiable fields at once.

After the data had been linked, HSCIC transferred pseudonymised HES identifiers for the telehealth participants to the evaluation team then based at the Nuffield Trust, together with the date of patient enrolment in the telehealth programme, year of birth, sex and small geographical area code. Thus, the evaluation team had no access to identifiable patient data. The Ethics and Confidentiality Committee of the National Information Governance Board confirmed that data could be linked in this way without explicit patient consent for the purposes of studies of this nature.

Baseline variables {#s2e}
------------------

Baseline variables were derived for intervention and potential control patients using HES data. For telehealth patients, these were calculated at the date of registration in the telehealth system. For matched controls, variables were calculated at certain index dates that were produced by the matching algorithm (described below, [box 2](#bx2){ref-type="boxed-text"}). Box 2Matching algorithmRather than include each potential control patient only once in the matching process, we calculated predictive risk scores for each potential control patient at 33 'index dates', corresponding to months spanning the enrolment period (July 2010--March 2013). Thus, there were up to 33 possible 'observations' of each potential control patient, with the baseline variables and risk score calculated with respect to each index date. Such replication meant that an individual could contribute observations that were more closely matched to a telehealth patient than if the individual was only included once. We removed observations for which the potential control patient had died before the index date or where there did not exist an inpatient hospital admission that resulted in a diagnosis of chronic obstructive pulmonary disease, congestive heart failure or diabetes within 3 years prior to the index date.Having assembled a data set containing telehealth patients and up to 33 observations for each of the potential controls, the data set was stratified by age.[@R20] Within each age strata, we used a calliper approach whereby the pool of potential matches of similar age for a given telehealth patient was narrowed down to those patients with a similar predictive risk score (within 20% of 1 standard deviation).[@R22] From within this restricted set, individual matches were selected using genetic matching,[@R44] a computer-intensive search algorithm that can produce more closely matched control groups than traditional matching approaches.[@R8] One matched control was selected per intervention patient, with replacement.

The set of baseline variables was based on an established predictive risk model for emergency hospital admissions.[@R20] These variables were: age band; sex; small area-based socioeconomic deprivation score;[@R21] 16 individual health conditions; the number of long-term health conditions; and previous emergency, elective and outpatient hospital use. The 16 individual health condition variables were formed from the primary and secondary diagnosis codes in the previous 3 years of inpatient data ([table 1)](#BMJOPEN2015009221TB1){ref-type="table"}. We used the definitions from previous studies to derive admissions for ambulatory care-sensitive conditions.[@R17] [@R18]

###### 

Baseline characteristics of the study groups before and after matching

                                                          Potential controls\*   Telehealth patients   Matched controls   Standardised difference (variance ratio)   
  ------------------------------------------------------- ---------------------- --------------------- ------------------ ------------------------------------------ -------------
  Age (years)                                             69.1 (15.2)            72.7 (10.2)           72.7 (10.3)        27.5 (0.45)                                0.1 (0.99)
  Female (%)                                              48.1 (n=12 978)        42.7 (n=306)          41.9 (n=300)       10.7                                       1.7
  Socioeconomic deprivation score†                        15.1 (11.1)            15.7 (11.1)           15.1 (10.3)        4.9 (1.01)                                 5.4 (1.18)
  Anaemia (%)                                             11.9 (n=3204)          14.8 (n=106)          12.8 (n=92)        8.6                                        5.7
  Angina (%)                                              18 (n=4868)            24.2 (n=173)          22.5 (n=161)       15.1                                       4.0
  Asthma (%)                                              12.4 (n=3348)          14.5 (n=104)          13.1 (n=94)        6.2                                        4.0
  Atrial fibrillation and flutter (%)                     21.7 (n=5861)          34.4 (n=246)          33.8 (n=242)       28.4                                       1.2
  Cancer (%)                                              15.1 (n=4078)          11.5 (n=82)           11.6 (n=83)        10.8                                       0.4
  Cerebrovascular disease (%)                             10.3 (n=2784)          9.9 (n=71)            9.4 (n=67)         1.3                                        1.9
  Congestive heart failure (%)                            22.4 (n=6045)          43.2 (n=309)          42.0 (n=301)       45.4                                       2.3
  Chronic obstructive pulmonary disease (%)               28.6 (n=7723)          65.2 (n=467)          62.3 (n=446)       78.9                                       6.1
  Diabetes (%)                                            62.9 (n=16 970)        29.3 (n=210)          27.4 (n=196)       71.4                                       4.3
  History of falls (%)                                    12.1 (n=3255)          8.2 (n=59)            8.2 (n=59)         12.7                                       0.0
  History of injury (%)                                   24.5 (n=6613)          20.3 (n=145)          19.0 (n=136)       10.2                                       3.2
  Hypertension (%)                                        58.1 (n=15 694)        55.7 (n=399)          54.9 (n=393)       4.9                                        1.7
  Ischaemic heart failure (%)                             28.7 (n=7760)          40.2 (n=288)          38.7 (n=277)       24.3                                       3.1
  Kidney failure (%)                                      13.0 (n=3522)          11.7 (n=84)           10.3 (n=74)        4.0                                        4.5
  Mental health condition (%)                             24.0 (n=6477)          18.3 (n=131)          18.0 (n=129)       14.0                                       0.7
  Peripheral vascular disease (%)                         14.6 (n=3951)          14.5 (n=104)          13.3 (n=95)        0.3                                        3.6
  Number of long-term conditions                          2.59 (1.38)            3.01 (1.6)            2.86 (1.51)        28.1 (1.34)                                9.6 (1.11)
  Predictive risk score                                   0.22 (0.16)            0.33 (0.2)            0.33 (0.21)        62.2 (1.71)                                0.6 (1.00)
  Emergency admissions (previous year)                    0.77 (1.64)            1.34 (1.83)           1.29 (1.71)        33.2 (1.25)                                3.0 (1.14)
  Emergency admissions (previous month)                   0.06 (0.3)             0.13 (0.39)           0.12 (0.37)        19.3 (1.69)                                2.2 (1.11)
  Elective admissions (previous year)                     0.74 (1.86)            0.70 (1.39)           0.64 (1.12)        2.2 (0.56)                                 4.8 (1.53)
  Elective admissions (previous month)                    0.06 (0.28)            0.05 (0.23)           0.09 (0.32)        2.0 (0.72)                                 14.0 (0.53)
  Outpatient attendances (previous year)                  4.97 (7.2)             7.00 (7.29)           6.40 (6.82)        28.1 (1.03)                                8.5 (1.14)
  Outpatient attendances (previous month)                 0.36 (0.9)             0.72 (1.22)           0.74 (1.49)        33.2 (1.84)                                1.4 (0.67)
  Emergency bed days (previous year)                      6.03 (15.96)           12.02 (18.3)          12.15 (20.25)      34.9 (1.32)                                0.7 (0.82)
  Emergency bed days (previous year trimmed to 30 days)   4.42 (8.66)            9.44 (10.39)          9.14 (10.62)       52.5 (1.44)                                2.9 (0.96)

Data are proportion (%) or mean (SD) unless otherwise stated.

All diagnoses are based on an analysis of inpatient data over 3 years.

\*Residents of the control areas with previous hospital use and at least one inpatient admission for a diagnosis of congestive heart failure, chronic obstructive pulmonary disease or diabetes in the past 3 years. Since individuals can be chosen as controls at different time points, this is 1-monthly realisation of each individual potential control.

†Taken from the Index of Multiple Deprivation 2010.[@R21]

In addition to these baseline variables, we also estimated the baseline risk of emergency hospital admission in the 12 months following enrolment. The models were based on the variables used in the published predictive risk model,[@R20] but reweighted to reflect patterns of hospital utilisation observed for non-telehealth residents of North Yorkshire. Models were constructed using logistic regression on a monthly basis throughout the enrolment period and validated on split samples. The estimated β coefficients from the validated models were then applied to telehealth patients to produce their baseline risk scores, as is recommended practice when using predictive risk scores in matching studies.[@R22]

Selecting matched controls {#s2f}
--------------------------

The matching algorithm ([box 2](#bx2){ref-type="boxed-text"}) aimed to select, from the wider population of potential controls, a subgroup of matched controls who were similar to the patients in the telehealth group with respect to baseline variables.[@R9] Our main diagnostic was 'balance', or the similarity of the distribution of baseline variables between telehealth and matched control groups. We assessed balance using the standardised difference, defined as the difference in means as a proportion of the pooled standard deviation.[@R23] It is not recommended to use formal statistical tests because they depend on the size of the groups as well as on their similarity, and thus can be misleading.[@R24] Although the standardised difference would ideally be minimised without limit, 10% is often used as a threshold to denote meaningful imbalance.[@R25] As the standardised difference only measures a difference in means, we also assessed the ratio of variances in the two groups.[@R26]

Only after matched control groups had been selected were the study endpoints calculated.

Statistical approach {#s2g}
--------------------

Comparisons of the time-to-event endpoints were made graphically using Kaplan-Meier charts,[@R27] and then analytically using Cox regression[@R28] with robust standard errors[@R29] to account for the matched nature of the data.[@R23] Unadjusted and adjusted analysis was carried out, with the adjustment using the baseline variables considered for the matching algorithm. All patients were censored on 31 March 2013, when the telehealth service was terminated. For secondary endpoints not involving mortality, we considered patients who died as being censored at their date of death.

The use of national administrative data to define variables meant that we considered there was a limited amount of missing data, because patients could be tracked even if they moved out of the North Yorkshire area, provided that they remained within England.

Secondary analysis {#s2h}
------------------

The main threat to the validity of non-randomised studies is confounding due to intervention and control groups differing at baseline in terms of variables that are also predictive of outcome. While intervention and matched control groups appeared similar, we were concerned that some differences might be unobserved. Therefore, we conducted two secondary analyses. First, for the subset of patients enrolled before 30 September 2012 (for whom we had at least 6 months' of follow-up data), we performed difference-in-difference analysis.[@R30] This was expected to remove the impact of confounding variables provided that the association between these confounding variables and the outcome is constant over time.[@R31] In this analysis, we calculated the differences in the number of emergency admissions, for example, between the 6 months prior to enrolment and the subsequent 6 months, and compared these differences between intervention and matched control groups using mixed multiple linear regression models, with adjustment for baseline variables.

Second, we conducted sensitivity analysis to test the robustness of our findings to time varying, unobserved confounding.[@R32] This involved simulating a hypothetical unobserved confounder, which was assumed to be binary valued. We assumed a range of values for the associations between the unobserved confounder and intervention status (telehealth or not telehealth) and between the unobserved confounder and outcome (emergency admissions). We used a method developed by Carnegie *et al*[@R33] to determine how strong these associations would have to be for our findings to be altered.

Results {#s3}
=======

Study populations {#s3a}
-----------------

Of the 1261 patients ever enrolled into the telehealth programme, 754 patients passed the inclusion and exclusion criteria for this study and 716 patients were matched to controls ([figure 1](#BMJOPEN2015009221F1){ref-type="fig"}). A total of 32 865 local residents were included in the pool of potential controls (leading to 763 858 observations after assigning multiple index dates).

![Selection of telehealth patients for analysis.](bmjopen2015009221f01){#BMJOPEN2015009221F1}

Before matching, telehealth patients had higher average predictive risk scores than potential controls (0.33 vs 0.22) and more emergency admissions in the previous year on average (1.34 vs 0.77 per patient) ([table 1)](#BMJOPEN2015009221TB1){ref-type="table"}. After matching, the controls had similar characteristics to the telehealth patients ([table 1](#BMJOPEN2015009221TB1){ref-type="table"}). For example, both groups had an average predictive risk score of 0.33. All standardised differences were below the targeted 10% threshold, except for the number of elective admissions in the month prior to enrolment, for which the standardised difference was 14.0%.

Comparisons of hospital utilisation and mortality {#s3b}
-------------------------------------------------

Patients were followed up for an average of 10.4 months for the primary endpoint (618.8 person-years) ([table 2](#BMJOPEN2015009221TB2){ref-type="table"}). During this period, telehealth patients were at higher risk of an emergency admission or death than matched controls, with 68.5% of telehealth patients experiencing an emergency admission or death (95% CI 62.3% to 75.4%), compared with 50.1% of matched controls (95% CI 45.1% to 55.7%) ([table 2)](#BMJOPEN2015009221TB2){ref-type="table"}. Cox regression confirmed this difference as statistically significant, with an adjusted HR of 1.34 (95% CI 1.16 to 1.56), p\<0.001).

###### 

Results of the Cox regression

                                 Control patients (n=716)   Telehealth patients (n=716)   Telehealth vs control                                                                     
  ------------------------------ -------------------------- ----------------------------- ------------------------ ----- -------- ------------------------ ------------------------ ---------
  Death or emergency admission   347                        692.3                         0.501 (0.451 to 0.557)   424   618.8    0.685 (0.623 to 0.754)   1.343 (1.155 to 1.562)   \<0.001
  Death                          55                         1071.6                        0.051 (0.039 to 0.067)   65    1096.5   0.059 (0.046 to 0.076)   1.170 (0.810 to 1.690)   0.404
  Emergency admission            323                        692.3                         0.467 (0.418 to 0.520)   411   618.8    0.664 (0.603 to 0.732)   1.398 (1.196 to 1.635)   \<0.001
  Elective admission             540                        277.3                         0.489 (0.439 to 0.544)   606   220.5    0.635 (0.576 to 0.701)   0.982 (0.812 to 1.189)   0.853
  Emergency department visit     333                        681.5                         1.947 (1.789 to 2.118)   399   628.3    2.747 (2.537 to 2.975)   1.286 (1.096 to 1.509)   0.002
  Outpatient attendance          225                        775.2                         0.267 (0.234 to 0.304)   233   790.8    0.303 (0.266 to 0.344)   1.246 (1.109 to 1.400)   \<0.001
  ACS admission                  209                        843.1                         0.248 (0.217 to 0.284)   294   769.6    0.382 (0.341 to 0.428)   1.580 (1.312 to 1.902)   \<0.001
  Non-ACS admission              218                        809.1                         0.269 (0.236 to 0.308)   276   782.4    0.353 (0.314 to 0.397)   1.255 (1.035 to 1.522)   0.021

HRs are adjusted for age (entered as a continuous variable), gender, socioeconomic deprivation decile, ethnicity, previous history of specific conditions (see list in [table 1](#BMJOPEN2015009221TB1){ref-type="table"}), number of long-term conditions, predictive risk score, emergency admissions (previous year), emergency admissions (previous month), elective admissions (previous year), elective admissions (previous month), outpatient attendances (previous year) and outpatient attendances (previous month).

ACS, ambulatory care sensitive; HRs, hazards ratios.

Of the other secondary endpoints, there was evidence of a higher risk of ([figure 2](#BMJOPEN2015009221F2){ref-type="fig"}): Emergency admission (adjusted HR 1.40, 95% CI 1.20 to 1.64, p\<0.001);Admission for an ambulatory care-sensitive condition (adjusted HR 1.58, 95% CI 1.31 to 1.90, p\<0.001);Outpatient attendance (adjusted HR 1.25, 95% CI 1.11 to 1.40, p\<0.001);Emergency department visit (adjusted HR 1.29, 95% CI 1.10 to 1.51, p=0.002);Admission for a non-ambulatory sensitive condition (adjusted HR 1.26, 95% CI 1.04 to 1.52, p=0.021).

![Kaplan-Meier curves for primary and secondary endpoints (n=716 telehealth patients; 716 matched controls) (ACS, ambulatory care sensitive; OP, outpatient).](bmjopen2015009221f02){#BMJOPEN2015009221F2}

Mortality risk was not significantly different between telehealth and matched control groups (adjusted HR 1.17, 95% CI 0.81 to 1.69, p=0.404).

Sensitivity analysis for unobserved confounding {#s3c}
-----------------------------------------------

The difference-in-difference analysis showed a trend towards more emergency admissions among intervention patients than controls, but the effect size was smaller than in the primary analysis and did not reach statistical significance (difference 0.10 admissions per head, 95% CI −0.06 to 0.26, p=0.220) (see online supplementary table S1 and figures S1 and S2).

[Figure 3](#BMJOPEN2015009221F3){ref-type="fig"} shows the results of the sensitivity analysis that simulated an unobserved confounder. In this figure, the blue line shows the amount of confounding that would have had to occur to obscure a statistically significant reduction in emergency admissions. The green line shows the amount of confounding needed to explain our finding that patients receiving telehealth were associated with significantly more emergency admissions than were controls. While we cannot measure unobserved variables, we did have data on several observed variables (such as age) and plot these on the figure as crosses and triangles. As can be seen, these observed variables are clustered well below the blue and green contours. This suggests that, for our findings to have been significantly biased by an unobserved confounder, this confounder would have to be much more strongly associated with intervention status and outcome than seems reasonable, given the variables we observed.

![Sensitivity analysis for the effect of unobserved confounding. The two parameters in this analysis are the association between a baseline variable and (log-transformed) time to emergency hospital admission or death (vertical axis), and the association between a baseline variable and selection into the telehealth intervention (horizontal axis). These parameters are known for baseline variables that were observed, and are shown by the crosses and triangles (the triangles indicate the observed baseline variables that had negative associations; these have been transformed to positive values by multiplying by −1). The various contours show the effect of hypothetical unobserved baseline variables. The green line represents the maximum amount of unobserved confounding that can be tolerated for our conclusions that telehealth reduced the time to emergency admission or death to remain statistically significant. The blue line describes those parameters resulting in a statistically significant finding in the opposite direction (ie, an increase in the time to emergency admission or death), while the red curve describes the parameter values for which the estimated effect of telehealth is zero. The degree of confounding required for any of these situations can be compared with that indicated by the observed baseline variables. The light grey contour represents the estimate of the observed confounder furthest from the origin, that is, the strongest effect of any observed confounder. In order to show a beneficial effect of the telehealth intervention, an unobserved variable would need to be more strongly associated with both the intervention and outcome than any observed variable, which includes strongly prognostic variables such as age and gender.](bmjopen2015009221f03){#BMJOPEN2015009221F3}

Discussion {#s4}
==========

Statement of findings {#s4a}
---------------------

We compared a sample of patients enrolled in a large telehealth programme in a predominately rural area in England to a well-balanced matched control group using person-level data. We found that, contrary to the aims of the programme, telehealth patients had a higher likelihood of an emergency admission, and accident and emergency department attendance, than matched controls. The secondary analysis showed that, while unobserved confounding might explain some of the increase in emergency admissions, it is unlikely that we missed reductions in these admissions.

Strengths and weaknesses of this study {#s4b}
--------------------------------------

We were able to link administrative data to the vast majority (95%) of telehealth patients who passed the inclusion and exclusion criteria for the study. A small proportion of patients could not be linked due to incorrect or missing personal identifiers but, on the assumption that these data were missing at random, our sample was representative of the population that received telehealth in routine practice. While we focused on those patients with previous inpatient admissions, this constituted all but a small minority (3.6%) of total referrals. We standardised our comparisons by restricting them to those patients with a record of chronic obstructive pulmonary disease, congestive heart failure or diabetes. This meant that we excluded 22.4% of referrals.

The administrative data sets used have advantages, such as minimising the issue of misreporting of service use by patients.[@R34] Further, we were able to construct complete histories of hospital care utilisation over several years, even if patients moved to other parts of England. However, the data quality was not directly under our control.[@R35] Potential problems with administrative data include inaccurate reporting due to inconsistent coding practices across hospitals,[@R34] although this was mitigated by the use of local control patients and by combining diagnostic fields over several years. Although administrative data provide only limited insight into the quality and appropriateness of care, we were able to examine admissions for ambulatory sensitive conditions.[@R17] [@R18] As these conditions are considered manageable in primary care, we would have hoped that telehealth would reduce them, but instead we observed a pattern that was consistent with our overall findings of increased utilisation.

Telehealth and control patients were matched such that they were similar at baseline in respect to established predictors of hospital use. However, as in any observational study of this type, we cannot entirely rule out the possibility that the groups at baseline differed in terms of variables that were also predictive of the outcome. Our study was designed to minimise the risk of confounding by: applying similar eligibility criteria for telehealth and control groups; selecting controls locally from within the North Yorkshire area[@R15]; using a matching algorithm that achieved very good balance between the study and control groups on observed variables; and performing regressions to adjust for any residual imbalances on observed variables after matching. However, there are limits to the amount of information recorded in the administrative data. For example, it is possible that telehealth patients systematically had more severe conditions than matched controls, or different attitudes towards managing their conditions or using emergency care (though these characteristics are correlated with variables that we were able to include in the matching algorithm, such as prior planned and unplanned hospital utilisation).[@R36]

Our secondary analyses showed that, while it is conceivable that the increases detected in emergency admissions were due to confounding, it is very unlikely that we missed reductions in these admissions. First, we observed similar mortality rates between intervention and matched control groups, which supports the notion that the groups were similar in terms of disease severity. Comparisons of endpoints that are unlikely to have been affected by the intervention have been recommended as a way to detect a lack of comparability in observational studies,[@R37] and it is reassuring that no differences were found in mortality rates in the current study. Second, our difference-in-difference analysis, likewise, found a trend towards increased emergency hospital admissions among telehealth patients. This did not reach statistical significance at the 5% level, but the difference-in-difference analysis had lower statistical power than our primary analysis, since it was applied to a subgroup of patients (n=672/716) and examined hospital admissions over 6 months, rather than the average of 10.4 months per patient in the primary analysis. Finally, we performed a more sophisticated sensitivity analysis that directly simulated the impact of a theoretical unobserved confounder. This analysis quantified the level of confounding that would be needed to render our finding of increased hospital admissions not statistically significant---this seemed implausible, given the associations found for observed variables such as patient age.

Compared with many randomised controlled trials in this area, the current study has the advantage of reflecting telehealth as delivered in routine clinical practice. Randomised designs can prevent the adaption of telehealth services in response to learning,[@R38] but we, in contrast, reflected decisions about services that were made by local teams. The retrospective nature of the study also meant that we could not have inadvertently influenced outcomes, such as can happen in prospective studies through the Hawthorne effect.[@R39]

It is possible that effects would have been observed over longer time periods than was possible in this study, or that there may have been effects on other endpoints not considered in this study, such as use of primary care, quality of life, or the control of glycated haemoglobin or blood pressure in patients with diabetes.[@R40] Telehealth might have had a greater effect on individuals with certain conditions or those recruited from certain settings, although our post hoc subgroup analysis (see online [supplementary material](http://bmjopen.bmj.com/lookup/suppl/doi:10.1136/bmjopen-2015-009221/-/DC1)) did not uncover any evidence for this.

Comparison with other studies and possible explanations {#s4c}
-------------------------------------------------------

Our findings are consistent with several large randomised controlled trials that have reported ambiguous or negative effects of telehealth.[@R4] However, the large-scale care coordination/telehealth programme administered by the US Veterans Health Administration (VHA) has reported reductions in admissions. Although an early study of the impact of the VHA programme was uncontrolled,[@R41] a subsequent study has reported similar findings against a matched control group.[@R13] The VHA programme is a highly integrated intervention with a care coordination component in a setting marked by a strong investment in electronic patient records. Results from the VHA may affirm that the ultimate effectiveness of telehealth depends on the context, targeting and integration of the supporting environment.

There are a number of possible explanations for why telehealth was associated with higher rates, or at least not reduced rates, of emergency admission than usual care in this study. First, patients might not have adhered to the recommended monitoring schedule. We found that patients provided readings on 62% of days during the programme. Second, the alerts made to monitoring teams might not have been sufficiently predictive of deteriorations in health, or might not have given the monitoring clinicians sufficient opportunity to deliver effective preventive care.[@R42] Third, more intensive monitoring might have increased patient awareness of risks to their health or could have led to the identification of additional health needs. Fourth, telehealth might not have been fully integrated into the wider healthcare system, such that problems were escalated to secondary care, rather than treated in the community. NHS North Yorkshire and York intended to redesign care pathways for patients supported by the provision of telehealth. While some progress was made, it was beyond the scope of our study to assess whether the new pathways had evolved to an effective level by the time of the dissolution of the telehealth programme.

Conclusions {#s5}
===========

The North Yorkshire telehealth programme did not reduce emergency hospital admissions and, indeed, may have led to increases, though there may have been improvements in outcomes not analysed during the current study (including quality of life). Decision makers must consider whether to use scarce resources by investing in other forms of preventive care, for which there is more of an evidence base, or whether to pursue telehealth on the assumption that the benefits from these new technologies can take some time to materialise. Telehealth is an example of a 'complex intervention',[@R37] in that there are several interacting components that aim to achieve multiple outcomes through a variety of means. Thus, the effect of telehealth might depend on the surrounding context (including level of integration and financial incentives); how the telehealth service is designed (such as the choice of peripheral devices, algorithm and monitoring system); and how users and professionals engage with telehealth. We could not rule out the possibility that beneficial outcomes might have, with more time and refinement, materialised in North Yorkshire.

If telehealth is pursued, it may be desirable to create information systems to enable these services to respond to learning and to seek to improve their effectiveness over time. The methods used in this study, including linkage to administrative data, selection of matched control groups and sensitivity analysis, could be adapted to enable effectiveness to be tracked in close to real time.
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